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Abstract This paper presents a data-driven modeling

technique used to build a multi-sampling-rate RBF-ARX

(MSR-RBF-ARX) model for capturing and quantifying

global nonlinear characteristics of the head and tail stage

drying process of a cylinder-type cut tobacco drier. In order

to take full account of influence of the input variables to

outlet cut tobacco moisture content in whole drying pro-

cess, and meanwhile, to avoid orders of the model too

large, this paper designs a special MSR-RBF-ARX model

structure that incorporates the advantages of parametric

model and nonparametric model in nonlinear dynamics

description for the process. Considering this industrial

process identification problem, a hybrid optimization

algorithm is proposed to identify the MSR-RBF-ARX

model using the multi-segment historical data set in dif-

ferent seasons and working conditions. To obtain better

long-term forecasting performance of the model, a long-

term forecasting performance index is introduced in the

algorithm. To accelerate the computational convergence, in

the hybrid algorithm, one-step predictive errors of the

model are minimized first to get a set of the model

parameters that are just used as the model initial

parameters, and then, the model parameters are further

optimized by minimizing long-term forecasting errors of

the model. Based on the estimated model, a set of optimal

setting curves of the input variables are obtained by opti-

mizing parameters of the designed input variable models.

The effectiveness of the proposed modeling and setting

control strategy for the process are demonstrated by sim-

ulation studies.

Keywords Cubic-RBF-ARX model � Cut tobacco drying

process � Optimal setting control � Optimization method

1 Introduction

Cut tobacco drying process is the most important part of

cigarette producing process [1, 2]. The moisture content of

dried cut tobacco will directly affect final cigarette quality.

The main function of a cut tobacco dryer is to make the

moisture content of dried cut tobacco be controlled in a

certain range, so as to satisfy the technical requirements.

According to the production process and technology, the

drying process of a cylinder-type cut tobacco dryer can be

divided into three stages: head, middle and tail stages. This

paper mainly studies modeling and control problems in

head and tail stage drying process of a cylinder-type cut

tobacco dryer using data-driving identification approach.

Control in head and tail stage of the cut tobacco drying

process is very difficult, because this process is multivari-

able, overactuated, strong coupling, large time delay and

lack of important measuring variable, i.e., outlet or inlet cut

tobacco moisture content in head or tail dying process, this

means that the general feedback control approaches are not

able to be used to the process control. At present, the main

way is manual setting control by experience [3], or using
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setting control of some process variables based on a the-

oretical model [4, 5], which was built on the basis of heat

and mass balance of the materials in the drying process.

Usually, the control performance is not good, and it results

in lots of over-dried cut tobacco in the process due to

inaccuracy of the model [6]. Spraying water in these two

stages may reduce over-dried cut tobacco, but actually it

can only make surface moisture of outlet cut tobacco

enlarge while does nothing to improve inner quality of cut

tobacco. In addition, it also adds difficulty to control of the

drying process.

Theoretical model is usually very complicated, although

it may be precise [7]. Some methods were proposed to

approximate the nature behavior of a nonlinear system in

the literature. The most common way is to build a sim-

plified model of system under some assumptions [7]. Even

so, some parameters of the simplified theoretical model

may be still unknown or difficult to be obtained through the

system physical structure. In fact, if the historical data of a

plant can be obtained, it is advisable to apply a data-driving

approach [8] for building an identification model of the

system. Actually, a large number of industrial processes

may be regarded as systems having time-varying working-

points and may be locally linearized at each working-point.

As a class of special coefficient-varying regressive models,

the radial basis function neural network-based state-de-

pendent autoregressive model (RBF-ARX) [9] has been

studied in several years. Structure of RBF-ARX model and

its parameters optimization method (SNPOM, structured

nonlinear parameters optimization method) was first pro-

posed in Ref. [9]. As noted by Haggan et al. [10], an

important property of RBF-ARX models, compared with

the most other coefficient-varying models, is that this type

of models incorporated the advantages of the RBF neural

network in function approximation and the state-dependent

autoregressive models (SD-ARX) in nonlinear dynamics

description. Over the past decade, the RBF-ARX modeling

and the model-based control have been studied in nonlinear

NOx decomposition process in a thermal power plant

[10–12], water tank system control [13], ship’s tracking

control [14], magnetic levitation system control [15] and

quadrotor attitude control [16], etc.

This paper presents a data-driven modeling technique that

is used to build a multi-sampling-rate RBF-ARX (MSR-

RBF-ARX) model for capturing and quantifying the global

nonlinear characteristics of the head and tail stage drying

process of a cylinder-type cut tobacco drier. The MSR-RBF-

ARX model is a hybrid model, which incorporates the

advantages of parametric model and nonparametric model in

nonlinear dynamics description. Designing this model is

because in head and tail stages of the cut tobacco drying

process, the cut tobacco that just enters into the dryer actually

has obvious influence on the entire cut tobacco drying

process. In order to take full account of influence of the input

variables in whole drying process on the outlet cut tobacco

moisture content and, meanwhile, to avoid orders of the

model too large, this paper, for the first time, separately

designs a MSR-RBF-ARX model structure for modeling the

head or tail drying process. Through comparison of several

model structures, it is verified that the MSR-RBF-ARX

model with Cubic function-type base function, namely

MSR-Cubic-RBF-ARX model can better represent global

characteristics of the head or tail stage drying process.

Considering this special industrial process identification

problem, the multi-segment historical data set in different

seasons and working conditions is used as identification

data of the drying process models, and a hybrid opti-

mization algorithm is designed to identify the MSR-Cubic-

RBF-ARX model using multi-segment historical data. In

order to obtain better long-term forecasting performance of

the model, a long-term forecasting performance index is

introduced in the algorithm. To accelerate the computa-

tional convergence, in the hybrid algorithm, one-step pre-

dictive errors of the MSR-Cubic-RBF-ARX model are

minimized first to get a set of the model parameters that are

just used as the model initial parameters, and then, the

model parameters are further optimized by minimizing

long-term forecasting errors of the model. The purpose of

modeling the drying process is to design a set of optimal

setting variables of the process to make over-dried cut

tobacco in the head and tail drying process as few as

possible. To this end, we designed a double-S-type curve as

basic structure of some process variables, and based on the

estimated MSR-Cubic-RBF-ARX model, a set of optimal

setting curves of the input variables are obtained by opti-

mizing parameters of the setting variable curves. The

effectiveness of the proposed modeling and setting control

strategy are demonstrated by simulation studies.

2 Cut tobacco drying process modeling by MSR-
Cubic-RBF-ARX model

Structure diagram of a typical cylinder-type cut tobacco

dryer is depicted in Fig. 1. In a drying process, the head

stage starts when the inlet cut tobacco flow is first detected

and ends till the moisture content of outlet cut tobacco can

be measured. The process after the head stage is a long

time middle stage. After the middle stage, the tail stage

begins when the inlet cut tobacco flow changes from a

normal value to zero.

From Fig. 1, one can see that the inlet cut tobacco flow

u4 (kg/h) can be detected before cut tobacco enters the

dryer. After the time of T1, cut tobacco arrives at measuring

point of the inlet cut tobacco moisture content u5 (%) and,

then, goes into the cylinder after the time of T2. After the
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time of T3, the dried cut tobacco goes out of the cylinder

and the moisture content of outlet cut tobacco y (%) can be

detected. This process will take a long period from where

the inlet cut tobacco flow u4 is first detected to where the

outlet cut tobacco moisture content y can be first measured.

For the dryer studied in this paper, the processing time is

about 5 min. The other main variables affecting the drying

process are the moisture exhaust opening u1 (%), the hot air

temperature u2 (�C), the cylinder temperature u3 (�C) and

the cylinder motor frequency u6 (Hz).

In head stage of the drying process, cut tobacco entering

the dryer keeps increasing while there is no measuring

value of outlet cut tobacco, so one cannot use feedback

control approach to the outlet cut tobacco moisture content.

In tail stage of the drying process, there is no inlet cut

tobacco flow, and the drying cylinder has a large heat

capacity that results in slow decline of temperature of the

drying cylinder. Therefore, as mentioned before, existing

control methods may be not satisfactory and easily lead to

lots of over-dried cut tobacco in head and tail drying pro-

cess. In this section, a multi-sampling-rate Cubic-RBF-

ARX (MSR-Cubic-RBF-ARX) modeling method is pro-

posed to represent the dynamic behavior of the head and

tail stage processes separately, and the model-based opti-

mal setting control strategy is then designed to control the

two stage processes in Sect. 3.

2.1 Construction of MSR-Cubic-RBF-ARX model

Consider a multivariable nonlinear and non-stationary

system, which can be represented by the following discrete

time nonlinear ARX model:

yðtÞ ¼ f yðt � 1Þ; . . .; yðt � kaÞ; uðt � 1Þ; . . .; uðt � kbÞð Þ
þ nðtÞ

ð1Þ

where yðtÞ 2 <n denotes the output, uðtÞ 2 <h denotes the

input and fnðtÞ 2 <ng denotes the white noise sequence

with zero mean; f ð�Þ denotes a nonlinear structure; ka and

kb denote the corresponding orders. Actually, a large

number of industrial processes may be regarded as systems

having time-varying working-points [9]. In this situation,

the state-dependent ARX model [17] may be adapted to

approximate the nonlinear structure f ð�Þ in (1), and it yields

yðtÞ ¼ /0ðwðt � 1ÞÞ þ
Xka

i¼1

/y;iðwðt � 1ÞÞyðt � iÞ

þ
Xkb

i¼1

/u;iðwðt � 1ÞÞuðt � iÞ þ nðtÞ ð2Þ

where /0ðwðt � 1ÞÞ; /y;iðwðt � 1ÞÞ and /u;iðwðt � 1ÞÞ
are the state-dependent regressive coefficient matrices of

suitable dimensions. wðt � 1Þ is regarded as the working-

point variable which has a direct or indirect relationship

with the system input or output. If RBF neural networks are

selected to approximate the regressive coefficient matrices

of model (2), the RBF-ARX model thus can be derived [9],

which is rewritten as

yðtÞ ¼ a0;t�1 þ
Xka

i¼1

ai;t�1yðt � iÞ þ
Xkb

i¼1

bi;t�1uðt � iÞ þ nðtÞ;

a0;t�1 ¼ c
y
0 þ

Pm

k¼1

c
y
ku wðt � 1Þ � z

y
k

�� ��
2

� �
;

ai;t�1 ¼ c
y
i;0 þ

Pm

k¼1

c
y
i;ku wðt � 1Þ � z

y
k

�� ��
2

� �
;

bi;t�1 ¼ cui;0 þ
Pm

k¼1

cui;ku wðt � 1Þ � zuk
�� ��

2

� �
;

wðt � 1Þ ¼ wT
1 . . . wT

d

� �T
;

z
j
k ¼ z

jT
k;1 . . . z

jT
k;d

h iT

; j ¼ y; u:

8
>>>>>>>>>>>>>><

>>>>>>>>>>>>>>:

ð3Þ

where a0;t�1, fai;t�1ji ¼ 1; 2; . . .; kag and fbi;t�1ji ¼
1; 2; . . .; kbg are the nonlinear regressive coefficient matri-

ces and vary with the working-point wðt � 1Þ; uð�Þ is

nonlinear base function; ka, kb, m and d are the corre-

sponding model orders; c
y
k; c

y
i;kjk ¼ 0; 1; . . .;

n
m; i ¼

inlet cut tobacco 
flow

1
T

2
T

3
T

inlet of dryer

4u

moisture content of 
inlet cut tobacco 5u

cylinder

hot air temperature 2u

hot air

cylinder temperature 3

( )
( )u

moisture exhaust 
opening 1u

outlet of dryermoisture content of 
outlet cut tobacco 
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( )y

cylinder motor
frequency 6

( )
( )

( )u

Fig. 1 Structure diagram of

cylinder-type cut tobacco dryer
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1; . . .; kag and cui;kjk ¼ 0; 1; . . .;m; i ¼ 1; . . .; kb

n o
are

the linear weighting coefficient matrices; z
j
kjk ¼ 1;

�

. . .;m; j ¼ y; ug are the RBF neural network centers; �k k2

means 2-norm matrix; nðtÞ is the modeling error, assuming

as Gauss white noise. It is natural to interpret model (3) as

a globally nonlinear model in which the evolution of the

system is governed by a set of nonlinear regressive coef-

ficient matrices ai;t�1; bi;t�1

� �
, and a local mean a0;t�1

varying with the ‘working-point’ of the system. There have

been many reports where researches have applied the RBF-

ARX modeling to various types of nonlinear systems

[11, 13–16]. However, the majority of these researches

used Gaussian base function to approximate the state-de-

pendent coefficients of the RBF-ARX model. This may be

appropriate in some cases; however, this may not always be

optimal in other cases.

In this paper, based on the above RBF-ARX modeling

technology and considering the particularities of the head

and tail stages in the drying process, an efficient multi-

sampling-rate RBF-ARX (MSR-RBF-ARX) model struc-

ture is designed for modeling the dynamic characteristics

of the two stages separately. The MSR-RBF-ARX model is

a kind of hybrid model, which incorporates the advantages

of parametric model and nonparametric model in nonlinear

dynamics description. The potential base function for the

MSR-RBF-ARX model of the head and tail process con-

sidered here includes Gauss, Cubic and Multiquadratic

base functions [18]. Through comparison of several model

structures, it is verified that the multi-sampling-rate RBF-

ARX model with Cubic function-type base function (MSR-

Cubic-RBF-ARX) can better represent the global charac-

teristics of the head or tail stage drying process.

In the drying process, to dry cut tobacco in the cylinder

needs a long time (about 5 min), and the moisture content

of outlet cut tobacco depends on the inlet cut tobacco flow

and moisture content, the cylinder temperature, the

moisture exhaust opening, the hot air temperature and the

cylinder driving motor frequency etc. Especially in the

head and tail stages, the cut tobacco that just enters into the

cylinder actually has obvious influence on the entire cut

tobacco drying process. In order to take full account of

influence of the input variables in whole drying process on

the outlet cut tobacco moisture content and, meanwhile, to

avoid the orders of the regressive variables too large, this

paper separately designed the MSR-RBF-ARX model

structures for modeling the head and tail drying process.

2.1.1 MSR-Cubic-RBF-ARX model of head stage process

The head stage drying process starts when the cut tobacco

flow jumps from zero to a value and ends till the moisture

content of outlet cut tobacco can be measured. The multi-

sampling-rate Cubic-RBF-ARX model structure is

designed as follows:

yhðtÞ ¼ ah0;t�1 þ
Xkha

i¼1

ahi;t�1y
hðt � iÞ þ

Xkhb

i¼1

bh1
i;t�1u

h
1 t � i � Th

0

	 


þ
Xkhb

i¼1

bh2
i;t�1u

h
2 t � i � Th

0

	 

þ
Xkhb

i¼1

bh3
i;t�1u

h
3 t � i � Th

0

	 


þ
Xkhb

i¼1

bh4
i;t�1u

h
4 t � Th

1 � Th
2 � i � Th

0

	 

þ
Xkhb

i¼1

bh5
i;t�1u

h
5

t � Th
2 � i � Th

0

	 

þ nhðtÞ

ð4Þ

where yhðtÞ is the moisture content of outlet cut tobacco in

the head stage; uhdðtÞ ðd ¼ 1; 2; 3; 4; 5Þ are the input vari-

ables, which are the moisture exhaust opening u1 (%), the

hot air temperature u2 (�C), the cylinder temperature u3

(�C), the inlet cut tobacco flow u4 (kg/h) and the moisture

content of inlet cut tobacco u5 (%) in the head stage,

respectively; ah0;t�1, ahi;t�1ji ¼ 1; . . .; kha

n o
and

ah0;t�1 ¼ c
yh

0 þ
Pmh

k¼1

c
yh

k whðt � 1Þ � z
yh

k

���
���

3

2

� �
;

ahi;t�1 ¼ c
yh

i;0 þ
Pmh

k¼1

c
yh

i;k whðt � 1Þ � z
yh

k

���
���

3

2

� �
;

bhdi;t�1 ¼ c
uhd
i;0 þ

Pmh

k¼1

c
uhd
i;k whðt � 1Þ � zu

h

k

���
���

3

2

� �
; d ¼ 1; 2; 3; 4; 5;

whðt � 1Þ ¼ uh4ðt � 1Þ � � � uh4ðt � dhÞ
uh5ðt � 1Þ � � � uh5ðt � dhÞ


 �T
; z

j
k ¼

z
j;1
k;1 � � � z

j;1
k;dh

z
j;2
k;1 � � � z

j;2
k;dh

" #T

; j ¼ yh; uh;

Th
1 ¼ T1=Tb c; Th

2 ¼ T2=Tb c; Th
0 ¼ T3=ðT � khbÞ

� �
:

8
>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>:

ð5Þ
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bhdi;t�1ji ¼ 1; . . .;
n

khb; d ¼ 1; 2; 3; 4; 5g are the nonlinear

regressive coefficient matrices varying with the working-

point whðt � 1Þ; Considering the dynamic characteristics of

the head stage drying process, this paper takes the inlet cut

tobacco flow u4 and the moisture content of inlet cut tobacco

u5 as the working-point state; kha, khb, mh and dh are the orders

of the model; c
yh

k ; c
yh

i;kjk ¼ 0; 1;
n

. . .;mh; i ¼ 1; . . .; khag

and c
uhd
i;kjk ¼ 0; 1; . . .;mh;

n
i ¼ 1; . . .; khb; d ¼

1; 2; 3; 4; 5g are the linear weighting coefficient matrices;

z
j;1
k;g; z

j;2
k;gjk ¼ 1; . . .;mh; j ¼ yh; uh; g ¼ 1; . . .; dh

n o
are

the RBF neutral network centers; nhðtÞ is the modeling error,

assuming as the Gauss white noise; T is the sample period of

the drying process; Th
1 and Th

2 are the available time delay of

head stage drying process; Th
3 is the duration time step of the

cut tobacco in the cylinder during the head stage drying

process; �b c in (5) means rounded down integer arithmetic.

As shown in model (4), the sampling period of the input

variables in the model is Th
0 ¼ T3=ðT � khbÞ

� �
times of sam-

pling period of the output variable yhðtÞ.

2.1.2 MSR-Cubic-RBF-ARX model of tail stage process

When the inlet cut tobacco flow changes from a normal

value to zero, the tail stage drying process starts, and in this

stage, there is no inlet cut tobacco flow measuring signal.

The multi-sampling-rate Cubic-RBF-ARX model structure

of the tail stage is designed as follows:

yeðtÞ ¼ ae0;t�1 þ
Xkea

i¼1

aei;t�1y
eðt� iÞþ

Xkeb

i¼1

be1
i;t�1u

e
1 t� i �Te

0

	 


þ
Xkeb

i¼1

be2
i;t�1u

e
2 t� i �Te

0

	 

þ
Xkeb

i¼1

be3
i;t�1u

e
3 t� i �Te

0

	 


þ
Xkeb

i¼1

be4
i;t�1u

e
4 t�Te

1 �Te
2 � i �Te

0

	 

þ
Xkeb

i¼1

be5
i;t�1u

e
5

� t�Te
2 � i �Te

0

	 

þ
Xkeb

i¼1

be6
i;t�1u

e
6 t� i �Te

0

	 

þ neðtÞ

ð6Þ

where yeðtÞ is the output that is the moisture content of outlet

cut tobacco in the tail stage; uedðtÞ ðd ¼ 1; 2; 3; 4; 5; 6Þ are the

input variables, namely the moisture exhaust opening u1 (%),

the hot air temperature u2 (�C), the cylinder temperature u3

(�C), the inlet cut tobacco flow u4 (kg/h), the moisture con-

tent of inlet cut tobacco u5 (%) and the cylinder motor fre-

quency u6 (Hz) in the tail stage, respectively; ae0;t�1,

aei;t�1ji ¼ 1; . . .; kea

n o
and bedi;t�1ji ¼ 1; . . .; keb;

n
d ¼

1; 2; 3; 4; 5; 6g are the nonlinear regressive coefficient

matrices varying with the working-point weðt � 1Þ; Con-

sidering the dynamic characteristics of the tail stage, this

paper takes the hot air temperature u2 and the cylinder motor

frequency u6 as the working-point state variable; kea, k
e
b, m

e

and de are the orders of the model; c
ye

k ; c
ye

i;kj
n

k ¼

0; 1; . . .;me; i ¼ 1; . . .; keag and c
ued
i;kjk ¼ 0; 1; . . .;me;

n
i

¼ 1; . . .; keb; d ¼ 1; 2; 3; 4; 5; 6g are the linear weighting

coefficient matrices; z
j;1
k;g; z

j;2
k;gjk ¼ 1; . . .;me; j ¼ ye;

n

ue; g ¼ 1; . . .; deg are the RBF neutral network centers;

neðtÞ is the modeling error, assuming as the Gauss white

noise; T is the sample period of the drying process; Te
1 andTe

2

are the available time delay of the tail stage drying process;

Te
3 is the duration time step of the cut tobacco in the cylinder

during the tail stage drying process; �b c in (7) means rounded

down integer arithmetic; Similar to model (4) of the head

stage, in MSR-Cubic-RBF-ARX model (6) of the tail stage,

the sampling period of input variables is Te
0 ¼ T3=ðT � kebÞ

� �

times of sampling period of the output variable yeðtÞ.

2.2 Hybrid optimization algorithm for estimation

of MSR-Cubic-RBF-ARX model

Identification of a RBF-ARX model includes estimating

structure and parameters of the model. In the previous

work, the structured nonlinear parameter optimization

method (SNPOM) [9, 11] was proposed to identify all

parameters of a RBF-ARX model by minimizing one-step-

ahead predictive errors of the model. The SNPOM

ae0;t�1 ¼ c
ye

0 þ
Pme

k¼1

c
ye

k weðt � 1Þ � z
ye

k

���
���

3

2

� �
;

aei;t�1 ¼ c
ye

i;0 þ
Pme

k¼1

c
ye

i;k weðt � 1Þ � z
ye

k

���
���

3

2

� �
;

bedi;t�1 ¼ c
ued
i;0 þ

Pme

k¼1

c
ued
i;k weðt � 1Þ � zu

e

k

�� ��3

2

� �
; d ¼ 1; 2; 3; 4; 5; 6;

weðt � 1Þ ¼ ue2ðt � 1Þ � � � ue2ðt � deÞ
ue6ðt � 1Þ � � � ue6ðt � deÞ


 �T

; z
j
k ¼

z
j;1
k;1 � � � z

j;1
k;de

z
j;2
k;1 � � � z

j;2
k;de

" #T

; j ¼ ye; ue;

Te
1 ¼ T1=Tb c; Te

2 ¼ T2=Tb c; Te
0 ¼ T3=ðT � kebÞ

� �
:

8
>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>:

ð7Þ
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estimates the model’s nonlinear and linear parameters

iteratively and separately, which uses the Levenberg–

Marquardt method (LMM) to estimate the nonlinear

parameters and uses the Least-Squares method (LSM) to

estimate the linear parameters. Based on this idea, some

other training algorithms, such as a global–local opti-

mization approach [19, 20], a variable projection approach

[21, 22] also applied to estimate parameters of RBF-ARX

models. Compared with general non-structured estimation

methods, the SNPOM converges faster and more flexible,

especially for the models whose number of linear param-

eters is much more than that of nonlinear parameters.

Following these parameter estimation methods, series

of applications on RBF-ARX modeling have been done in

recent years, including industrial application [10, 11],

model-based predictive controller (MPC) design [13–16]

and nonlinear time series prediction [19–22]. Although

many efforts have been devoted to estimate the RBF-

ARX models, till now, the studies mainly focus on the

systems which are allowed to do identification experi-

ments or easy to obtain the continuously changing iden-

tification data. However, there also exist a lot of actual

industrial processes, which are not allowed to do the

identification experiment in the actual production process

or the dynamic characteristics of the processes strongly

depend on the environment or working conditions. For

this class of systems, such as the cut tobacco drying

process, the historical data of once operation is not suf-

ficient to contain the global dynamic characteristics of the

process.

In this paper, considering this special industrial process

identification problem, the multi-segment historical data

set in different seasons and working conditions is used as

identification data of the drying process models, and a

hybrid optimization algorithm is designed to identify the

MSR-Cubic-RBF-ARX model using the multi-segment

historical data. To make the model have better long-term

predictive capability to the head and tail stage drying

process so as to achieve optimal setting control, a long-

term forecasting performance index is introduced in the

hybrid algorithm. As regards the convergence rate of the

hybrid algorithm, a fundamental issue is a proper choice of

the initial model parameters, which may make the opti-

mization process quickly convergent. To accelerate the

computational convergence, in the hybrid algorithm, we

first minimize one-step predictive errors of the model to

estimate the MSR-Cubic-RBF-ARX model parameters,

which are only used as the model initial parameters, and

then, we further optimize the model parameters by mini-

mizing long-term forecasting errors of the model. This

approach may significantly improve the optimization con-

vergence rate, especially for the MSR-Cubic-RBF-ARX

model, which has more linear parameters and fewer

nonlinear parameters. The hybrid optimization process is

given as follows.

Without loss of generality, the parameters of RBF-ARX

model (3) can be divided into the linear parameters hL¼

c
y
k;c

y
i;k : i¼1;...;ka; c

u
i;k : i¼1;...;kbj k¼0;1;...;m

n o
and

nonlinear parameters hN¼ z
j
kjk¼1;...;m; j¼y;u

� �
, and it

is true to MSR-Cubic-RBF-ARX model (4) or (6). Taking

the head stage process for example, the parameters of

MSR-Cubic-RBF-ARX model (4) can be also divided into

the linear parameters hhL¼fcy
h

k ;c
yh

i;k : i¼1;...;kha; c
uhd
i;k : i ¼

1;...;khb; jk¼0;1;...;mh; d¼1;2;3;4;5g and nonlinear

parameters hhN¼ z
j;1
k;g;z

j;2
k;gj

n
k¼1;...;mh; j¼yh;uh; g¼

1;...;dh
o

. Then, model (3), (4) or (6) can be rewritten in

the following form:

yðtÞ ¼ f ðhL; hN ;wðt � 1ÞÞT þ nðtÞ ð8Þ

or

yðtÞ ¼ uðhN ;wðt � 1ÞÞThL þ nðtÞ ð9Þ

Model (9) is the linear regression form of model (8) with

respect to hL.

1. Modified SNPOM (M-SNPOM) algorithm

For making use of M-segment identification data, first, a

modified SNPOM minimizing one-step-ahead predictive

errors of the model is utilized to estimate the RBF-ARX

model’s parameters that will be used as the initial param-

eters of the model for further optimization. Objective

function of the M-SNPOM is to take the sum of squares of

the model one-step predictive residuals for M-segment

identification data as follows:

VðhN ; hLÞ,
XM

p¼1

1

2
FpðhN ; hLÞk k2

2

� �
ð10Þ

FpðhN ;hLÞ ¼

ŷpðsþ1 sj Þ� �ypðsþ1Þ
ŷpðsþ2 sj þ1Þ� �ypðsþ2Þ

..

.

ŷpðnp np
�� �1Þ� �ypðnpÞ

2

6664

3

7775;

ŷpðtþ1jtÞ¼
Pka
i¼1

a
p
i;t�y

pðtþ1� iÞþ
Pkb
i¼1

b
p
i;t�u

pðtþ1� iÞþa
p
0;t

¼uðhN ; �wpðt�1ÞÞThL;
p¼ 1; . . .;M:

8
>>>>>>>>>>>><

>>>>>>>>>>>>:

ð11Þ

where ŷpðtþ1jtÞ t¼ s;sþ1; . . .;np�1
��� �

is the RBF-ARX

model (3)-based one-step-ahead prediction output for the

pth-segment measured data; �ypðjÞ; �wpðjÞ j¼ 1;2; . . .;np
��� �

is

the measured data in the pth-segment identification data set;
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s¼maxðka;kbÞ is the largest time lag of variables in model

(3); np is the number of the pth-segment identification data.

Optimization problem of the M-SNPOM is to compute

ĥN ; ĥL
� �

¼ arg min
hN ;hL

VðhN ; hLÞ ð12Þ

In the M-SNPOM, the optimization calculation centers on

the search for hkþ1
N at the kth iteration step, followed by the

immediately update of the linear parameters hkþ1
L using the

LSM as follows:where �yp p ¼ 1; . . .;Mjf g is the pth-segment

historical data; Rðhkþ1
N Þþ is the pseudo-inverse of Rðhkþ1

N Þ,
which can be calculated using the singular value decompo-

sition (SVD) for overcoming the ill-conditioned problems.

The innovative strategy of the nonlinear parameters hkN
is as follows:

hkþ1
L ¼ Rðhkþ1

N ÞþY ð13Þ

hkþ1
N ¼ hkN þ bkdk ð15Þ

where dk is the search direction and k denotes the iteration

step; bk is the scalar step length parameter which reduces

the distance to its minimum. In order to improve the

robustness of the optimization process, based on the LMM

algorithm, dk in Eq. (15) can be obtained from a solution of

the set of linear equations:

½JðhkNÞ
TJðhkNÞ þ ckI�dk ¼ �JðhkNÞ

TFðhkN ; hkLÞ;
FðhkN ; hkLÞ ¼ ðF1ðhkN ; hkLÞ;F2ðhkN ; hkLÞ; . . .;FMðhkN ; hkLÞÞ

T:

ð16Þ

where JðhkNÞ is the Jacobian matrix of FðhkN ; hkLÞ with respect

to hkN , and the scalar ck can be used to control both the

direction and the magnitude of dk. When ck tends to infinity,

the search direction dk will tend toward the steepest descent

direction. As ck tends to zero, the search directiondk will tend

toward the Gauss–Newton direction. bk in Eq. (15) is then

calculated by a line search procedure, such as the mixed

polynomial interpolation or extrapolation method.

The optimization termination condition is

VðhkN ; hkLÞ�Vðhkþ1
N ; hkþ1

L Þ� e ð17Þ

where e is a given small positive number.

2. Modified-LMM (M-LMM) algorithm

After getting the initial parameters of model (3) by M-

SNPOM, the model parameters are further optimized by

minimizing long-term forecasting errors of the model

using the M-LMM based on multi-segment identification

data. Objective function of the M-LMM algorithm is to

take the sum of squares of the model’s long-term fore-

casting residuals for M-segment identification data as

follows.

�VðhN ; hLÞ,
XM

p¼1

1

2
�F
pðhN ; hLÞ

�� ��2

2

� �
ð18Þ

�F
pðhN ; hLÞ ¼

ŷpðsþ 1 sj Þ � �ypðsþ 1Þ
ŷpðsþ 2 sj Þ � �ypðsþ 2Þ

..

.

ŷpðnp sj Þ � �ypðnpÞ

2
6664

3
7775;

p ¼ 1; . . .;M:

8
>>>>><

>>>>>:

ð19Þ

where ŷpðsþ jjsÞ j ¼ 1; 2; . . .; np � s
��� �

is the model (3)-

based jðj ¼ 1; 2; . . .; ni � sÞ-step-ahead prediction of output

for the pth-segment measured data at time s.

From model (3), one can obtain the one-step-ahead

prediction output ŷp sþ 1jsð Þ at time s as follows

ŷpðsþ 1jsÞ ¼ a
p
0;s þ

Xkn

i¼1

a
p
i;s�y

pðsþ 1 � iÞ

þ
Xkn

i¼1

b
p
i;s�u

pðsþ 1 � iÞ ð20Þ

and the jðj ¼ 1; 2; . . .; ni � sÞ-step-ahead predictive out-

put ŷiðsþ jjsÞ can be also derived from model (3) as

follows

Rðhkþ1
N Þþ ¼ R hkþ1

N

	 
T
R hkþ1

N

	 
h i�1

R hkþ1
N

	 
T
;

Rðhkþ1
N Þ ¼

r1 hkþ1
N

	 


r2 hkþ1
N

	 


..

.

rM hkþ1
N

	 


0
BBBB@

1
CCCCA
; rp hkþ1

N

	 

¼

u hkþ1
N ; �wpðsÞ

	 
T

u hkþ1
N ; �wpðsþ 1Þ

	 
T

..

.

u hkþ1
N ; �wpðnp � 1Þ

	 
T

0
BBBB@

1
CCCCA
;

�Y ¼ ð�y1; �y2; . . .; �yMÞT; �yp ¼ ð�ypðsþ 1Þ; �ypðsþ 2Þ; . . .; �ypðnpÞÞ;
p ¼ 1; . . .;M:

8
>>>>>>>>>>>><

>>>>>>>>>>>>:

ð14Þ
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ŷpðsþ jjsÞ ¼ a
p

0;sþj�1js þ
Xkn

i¼1

a
p

i;sþj�1jsŷ
pðsþ j� ijsÞ

þ
Xkn

i¼1

b
p

i;sþj�1js�u
pðsþ j� iÞ ð21Þ

where

ŷpðsþ j� ijsÞ ¼ �ypðsþ j� iÞ; j� i;

a
p

0;sþj�1js ¼ c
y
0 þ

Xm

k¼1

c
y
ku ŵpðsþ j� 1jsÞ � z

y
k

�� ��
2

� �
;

a
p

i;sþj�1jt¼c
y
i;0 þ

Xm

k¼ 1

c
y
i;ku ŵpðsþ j� 1jsÞ � z

y
k

�� ��
2

� �
;

b
p
i;sþj�1jt¼cui;0 þ

Xm

k¼ 1

cui;ku ŵpðsþ j� 1jsÞ � zuk
�� ��

2

� �
:

8
>>>>>>>>>>>><

>>>>>>>>>>>>:

ð22Þ

Optimization problem of the M-LMM algorithm is to

compute

ĥN ; ĥL
� �

¼ arg min
hN ;hL

�VðhN ; hLÞ ð23Þ

and the parameters hN and hL of the RBF-ARX model are

optimized by using the LMM algorithm [24] starting the

initial parameters estimated by the M-SNPOM. Optimiza-

tion termination condition in the M-LMM is

�VðhkN ; hkLÞ � �Vðhkþ1
N ; hkþ1

L Þ� r ð24Þ

where r is a given small positive number.

There are some criterions that may be used to determine

orders of the RBF-ARX models, such as Akaike informa-

tion criterion (AIC) and Akaike Final Prediction Error

(AFPE) [23]. In this paper, we use the AIC value as

evaluation standard [9] to determine the RBF-ARX model

orders (ka, kb, m and d), and simultaneously the dynamic

characteristics of step response of the estimated model are

also synthetically considered for finally obtaining a suit-

able model. By repetitively training the RBF-ARX model

with different orders, the finally selected model should

have small AIC value and well dynamic response

characteristics.

3 MSR-Cubic-RBF-ARX model-based optimal
setting control

After getting a proper MSR-Cubic-RBF-ARX model that

has good long-term pretictive accuracy for the head or tail

stage drying process, we can design a set of optimal setting

variables to the drying process on the basis of the model to

make over-dried cut tobacco in the head and tail stages of

the drying process as few as possible. Considering the

different process property of the head stage and tail stage

drying processes and the actual manual control experience,

this paper designed different type of function curve as basic

structure of the process variables, and based on the esti-

mated process models, a set of optimal setting variables are

obtained by optimizing parameters of the setting variable

curves in this section.

3.1 Optimal setting control in head stage drying

process

The input variables requiring optimal setting in the head

drying stage are: the moisture exhaust opening, the hot air

temperature, the cylinder temperature and the inlet cut

tobacco flow, to make the outlet cut tobacco moisture

content can rise to the set value as quick as possible, and

the over-dried cut tobacco can be reduced as much as

possible. Gradient of middle part of the S-type function is

the largest, but in the first half process of the head stage the

cut tobacco volume-in-dryer is fewer, so the cylinder

temperature etc. cannot be increased too quickly in the

case; therefore, we designed the double-S-type function as

the optimal setting curves of the moisture exhaust opening,

the hot air temperature and the cylinder temperature and a

T-type function as the inlet cut tobacco flow optimal setting

curve in the head stage. The actual manual operating

experience also verified this design.

The double-S function-type setting curves of the mois-

ture exhaust opening, the hot air temperature and the

cylinder temperature are Dfuh
1
ðtÞ, Dfuh

2
ðtÞ and Dfuh

3
ðtÞ,

respectively, which are as follows:

Dfuh
i
ðtÞ ¼ ki1

1 þ e
�

t�ki
2

ki
3

þ ki4 þ
ki5

1 þ e
�

t�ki
6

ki
7

; i ¼ 1; 2; 3 ð25Þ

where t is the time-point; ki1; k
i
4; k

i
5ji ¼ 1; 2; 3

� �
are

parameters which are used to decide the start point,

switching point and end point of the double-S function-

type curve; ki2; k
i
6ji ¼ 1; 2; 3

� �
decide the symmetry axis;

ki3; k
i
7ji ¼ 1; 2; 3

� �
decide the rising or falling speed of the

double-S function-type curve. The T-type function setting

value of the inlet cut tobacco flow is taken as follows:

Tfuh
4
ðtÞ ¼

k1t

k2

; 1� t� k2

k1; k2 þ 1� t� k3

k1 �
ðk1 � k5Þðt � k3Þ

k4 � k3

; k3 þ 1� t� k4

k5; k4 þ 1� t�Mh

8
>>>>><

>>>>>:

ð26Þ

where k1; k2; k3; k4; k5 are the related parameters of the

T-type function curve.
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By substituting setting curves (25)–(26) into MSR-Cu-

bic-RBF-ARX model (4), one can get the predictive outlet

cut tobacco moisture content value in the head drying stage

as follows

ŷhðtÞ ¼ f Dfuh
1
;Dfuh

2
;Dfuh

3
; Tfuh

4

� �
ð27Þ

Error between the predictive outlet cut tobacco moisture

content value (27) and the desired output value yhr ðtÞ is

defined as:

ehðtÞ ¼ yhr ðtÞ � ŷhðtÞ ð28Þ

By minimizing the error using the LMM algorithm [24],

one can find out the optimal parameters

kijji ¼ 1; 2; 3; j ¼ 1; . . .; 7
n o

and kgjg ¼ 1; . . .; 3
� �

in

(25) and (26). This can be done by solving the following

optimization problem using LMM:

min
kij;kg

J ¼
XMh

t¼1

ehðtÞ
	 
2 ð29Þ

where Mh is duration time of the head drying stage. The

optimization results are showed in Sect. 4.

3.2 Optimal setting control in tail stage drying

process

The input variables requiring optimal setting in the tail

drying stage are: the moisture exhaust opening, the hot air

temperature, the cylinder temperature and the cylinder

motor frequency, to make the outlet cut tobacco moisture

content can be kept at the set value as long as possible, and

the over-dried cut tobacco can be reduced as much as

possible. In the tail stage, the cut tobacco volume-in-dryer

will decrease to zero, and the cylinder temperature etc.

needs to vary quickly in the case, so the S-type setting

curves are better for the tail stage. The actual manual

operating experience also verified this design. The fol-

lowing S-type function is designed as the optimal setting

curves of the four input variables, which are Sfue
1
ðtÞ, Sfue

2
ðtÞ,

Sfue
3
ðtÞ and Sfue

4
ðtÞ, respectively,

Sfue
1
ðtÞ ¼ xi1

1 þ e
�

t�xi
2

xi
3

þ xi4; i ¼ 1; 2; 3; 4: ð30Þ

where xijji ¼ 1; 2; 3; 4; j ¼ 1; 2; 3; 4
n o

are the related

parameters of the S-type function curves.

By substituting setting curves (30) into MSR-Cubic-

RBF-ARX model (6), one can get the predictive outlet cut

tobacco moisture content value in the tail drying stage as

follows

ŷeðtÞ ¼ f Sfue
1
; Sfue

2
; Sfue

3
; Sfue

4

� �
ð31Þ

Error between the predictive outlet cut tobacco moisture

content value (31) and the desired output value yerðtÞ is

defined as:

eeðtÞ ¼ yerðtÞ � ŷeðtÞ ð32Þ

By minimizing the error using the LMM algorithm [24],

one can find out the optimal parameters

xijji ¼ 1; 2; 3; 4; j ¼ 1; 2; 3; 4
n o

in (30). This can be done

by solving the following optimization problem using

LMM:

min
ai;j

J ¼
XMe

t¼1

eeðtÞð Þ2 ð33Þ

where Me is the duration time of the tail drying stage. The

optimization results are showed in Sect. 4.

4 Simulation studies

In this section, the proposed MSR-Cubic-RBF-ARX

modeling and setting control strategy are applied to the

head and tail stage drying process of an actual cylinder-

type cut tobacco dryer for simulation studies. Considering

that the outlet cut tobacco moisture content in the drying

process is influenced by many factors such as environment

humidity and temperature, as well as machine working

conditions, the real-time sampled multi-segment historical

data in different seasons and working conditions depicted

in Figs. 2 and 3 are used as identification data of the drying

process model, and then, the proposed hybrid optimization

algorithm is applied to identify the MSR-Cubic-RBF-ARX

models using the multi-segment identification data.

Figure 2 shows 12-segment actual historical data of the

head stage drying process, and the data of each segment last

600 s. The sampling period of the drying process is 1 s, and

there are 7200 sampling data points totally. In this paper, the

first 6-segment historical data are used to train MSR-Cubic-

RBF-ARX model (4) of the head stage drying process, and

the last 6-segment data are used to test the modeling per-

formance. Figure 3 shows 12-segment actual historical data

of the tail stage drying process, and each segment lasts 800 s.

There are 9600 sampling data points totally. The first

6-segment historical data are used to train MSR-Cubic-RBF-

ARX model (6) of the tail stage process, and the last 6-seg-

ment data are used to test the modeling performance.

4.1 MSR-Cubic-RBF-ARX model identification

results

By applying the hybrid optimization algorithm and the

model evaluation standard presented in Sect. 2.2, after
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repetitively training and comparison, orders of MSR-Cu-

bic-RBF-ARX models of the cut tobacco drying process

are finally determined as: kha ¼ 2, khb ¼ 30, mh ¼ 2, dh ¼
4 2; 30; 2; 4ð Þ for the head stage, and kea ¼ 1, keb ¼ 12,

me ¼ 2, de ¼ 7ð1; 12; 2; 7Þ for the tail stage. Moreover, the

measurable time delay orders of MSR-Cubic-RBF-ARX

models of the drying process are: Th
1 ¼ 60, Th

2 ¼ 10, Th
3 ¼

200 for the head stage and Te
1 ¼ 60, Te

2 ¼ 120, Te
3 ¼ 190

for the tail stage. The corresponding modeling results for

the 6-segment training or testing data are depicted in

Figs. 4 and 5.

It is natural that the ability of multi-step-ahead

forecasting is an important evaluating indicator for

nonlinear system modeling. Figures 4 and 5 show the

actual output (blue line), the multi-step-ahead predicted

output (red line) generated by the estimated MSR-
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Cubic-RBF-ARX model and the multi-step-ahead pre-

dicted errors for the head and tail stages, respectively.

From Figs. 4 and 5, one can see that the output of the

estimated MSR-Cubic-RBF-ARX model is very close to

the actual output, and the long-term prediction errors

are between ?2 and -2 only for these quickly varying

data. This demonstrates that the multi-sampling-rate

Cubic-RBF-ARX model identified by the proposed

hybrid optimization algorithm for the head and tail

stage drying process modeling possesses very good

long-term forecasting accuracy.

4.2 MSR-RBF-ARX modeling results with different

base functions

In the modeling, evaluation of various base functions

contributes to selection of optimal structure of the

MSR-RBF-ARX model. In this paper, the potential

base functions used in the MSR-RBF-ARX model for

the head and tail stage drying process modeling

include:

1. Gauss function:

uðrÞ ¼ exp � r2

2r2

� �
r[ 0; r 2 <: ð34Þ

2. Cubic function:

uðrÞ ¼ r3 r 2 <: ð35Þ

3. Multiquadratic function:

uðrÞ ¼ ðr2 þ r2Þ1=2 r[ 0; r 2 <: ð36Þ

To fairly compare three types of MSR-RBF-ARX

models with Gauss, Cubic and Multiquadratic base func-

tion, respectively, we use the proposed hybrid optimization

algorithm to estimate their parameters and use the same

way presented in Sect. 2.2 to determine the models orders.

In this paper, we use the mean square error (MSE) that is

the most commonly used relative quality measure to
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Fig. 4 Outputs and multi-step-ahead predicted errors of multi-sampling-rate Cubic-RBF-ARX models for 6-segment training data.

a Identification results for head stage drying process. b Identification results for tail stage drying process
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statistical models [25] to evaluate the modeling perfor-

mance, which is defined as follows:

MSE ¼
P Nt

t¼s yðtÞ � ŷðtÞð Þ2

Nt

ð37Þ

where yðtÞ is the actual output and ŷðtÞ is the long-term

forecasting output of a model, s is the largest time lag of

variables in model; Nt is the number of identification data.

Using the data in Figs. 2 and 3, modeling results of the

MSR-RBF-ARX models with the three types of base

functions above are shown in Table 1.

From Table 1, one can see that the MSR-RBF-ARX

model with Cubic base function produces smaller AIC and

MSE than other two models with other base function no

matter for the head or tail stage drying process modeling. The

results indicate that the multi-sampling-rate RBF-ARX

Table 1 AIC values and MSE

values of MSR-RBF-ARX

models with different base

function

Model ðka; kb;m; dÞ AIC MSE

Head stage

Gaussian-(3,28,2,5) -1.6958 9 104 3.6236 9 103

Cubic-(2,30,2,4) 21.9721 9 104 3.3343 9 103

Multiquadratic-(4,24,1,9) -1.5775 9 104 4.8324 9 103

Tail stage

Gaussian-(2,15,1,8) -3.0652 9 104 1.0878 9 104

Cubic-(1,12,2,7) 23.1359 9 104 9.9445 9 103

Multiquadratic-(4,18,2,7) -3.0031 9 104 1.8259 9 104
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Fig. 6 Simulation results of optimal setting control of head stage drying process in different working conditions
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model with Cubic base function can better represent the

global characteristics of the head or tail stage drying process.

4.3 Optimal setting control simulation results

Simulation results of optimal setting control of the head

stage drying process in different working conditions based

on the MSR-Cubic-RBF-ARX model estimated in Sect. 4.1

are shown in Fig. 6. The upper four subplots in Fig. 6a–c

show the four input control variables (moisture exhaust

opening, hot air temperature, cylinder temperature and inlet

cut tobacco flow) in the head stage drying process, in which

the blue lines are actual input variables, and the red lines

are optimal setting curves of the input variables by opti-

mization presented in Sect. 3. The bottom subplot of

Fig. 6a–c shows the outlet cut tobacco moisture content, in

which the black line is the desired value, the blue line is the

actual value, the red line is the MSR-Cubic-RBF-ARX

model output under the red optimal setting inputs above

and the pink line shows the long-term predicted outputs

generated by the estimated MSR-Cubic-RBF-ARX model

(4) using the actual input signals.

In optimal setting control of the head stage, the opti-

mization duration time is set as Mh¼600 s. Finally, the

optimized double-S-type setting functions of moisture

exhaust opening, hot air temperature and cylinder tem-

perature in Fig. 6a are Sfus
1
ðtÞ ¼ 24

1þe
� t�250

11:9749

þ 30þ 16

1þe
�t�350

15

,

Sfus
2
ðtÞ ¼ 13:1988

1þe
�tþ96:171

999

þ 101:1799 and Sfus
3
ðtÞ ¼ 8

1þe
�t�225

22

þ

130þ 12

1þe
�t�475

22

, respectively. The optimized T-type setting

function of inlet cut tobacco flow in Fig. 6a is

Tfus
4
ðtÞ ¼

4600; 1� t� 60

4600 � 100ðt � 60Þ
17

; 61� t� 94

4400; 95� t� 600

8
><

>:
ð38Þ

In Fig. 6b, the optimized double-S-type setting func-

tions are Sfus
1
ðtÞ ¼ 20

1þe
�t�225

10

þ 30þ 20

1þe
�t�375

10

, Sfus
2
ðtÞ ¼

2:8575

1þe
�t�612:7771

26:2348

þ 108:55 and Sfus
3
ðtÞ ¼ 10

1þe
�t�175

20

þ 130þ 10

1þe
�t�425

20

,

respectively. The optimized T-type setting function in

Fig. 6b is

Tfus
4
ðtÞ ¼

5500; 1� t� 64

5500 � 300ðt � 64Þ
11

; 65� t� 97

4600; 98� t� 600

8
><

>:
ð39Þ

In Fig. 6c, the optimized double-S-type setting functions

are Sfus
1
ðtÞ ¼ 23:0619

1þe
�t�215

5

þ29:5887þ 18:0619

1þe
�t�375

6

, Sfus
2
ðtÞ ¼

0:6382

1þe
�t�570:4686

4:2970

þ 108:8 and Sfus
3
ðtÞ ¼ 10:5621

1þe
�t�225

20

þ129:5885þ
10:5621

1þe
�t�385

20

, respectively. The optimized T-type setting func-

tion in Fig. 6c is

Tfus
4
ðtÞ ¼

5800t

8
; 1� t� 8

5800; 9� t� 58

5800 � 200ðt � 58Þ
16

; 59� t� 91

4600; 92� t� 600

8
>>>><

>>>>:

ð40Þ

From Fig. 6a–c, one can see that the rising speed of the

optimized outlet cut tobacco moisture content is fast and

has small overshoot on the basis of the Cubic-RBF-ARX

model (4) with the double-S-type function and T-type

function optimal setting inputs. It means that the over-dried

cut tobacco in the head stage drying process will be greatly

reduced. One can also see that the long-term predicted

outputs of the Cubic-RBF-ARX models under the action of

actual inputs are very close to the actual moisture content

of outlet cut tobacco. This also indicates the good modeling

accuracy of the Cubic-RBF-ARX model (4) to the head

stage drying process.

Simulation results of optimal setting control of the tail

stage drying process in different working conditions are

shown in Fig. 7. The upper four subplots in Fig. 7a–c show

the four input control variables (moisture exhaust opening,

hot air temperature, cylinder temperature and cylinder

motor frequency) in the tail stage process, in which the

blue lines are actual input variables, and the red lines are

optimal setting curves of the input variables by optimiza-

tion presented in Sect. 3. The bottom subplot of Fig. 7a–c

shows the outlet cut tobacco moisture content, in which the

black line is the desired value, the blue line is the actual

value, the red line is the MSR-Cubic-RBF-ARX model

output under the red optimal setting inputs above and the

pink line shows the long-term predicted outputs generated

by the estimated MSR-Cubic-RBF-ARX model (6) using

the actual input signals.

In Fig. 7a–c, the former 320 s signals show actual data

of the middle stage drying process, after that optimal set-

ting control of the tail stage process starts. The optimiza-

tion duration time of the tail stage process is set as

Me ¼ 480 s, and the maximum limit of the cylinder motor

frequency is set as 44 (Hz). The optimized S-type setting

functions of the moisture exhaust opening, hot air tem-

perature, cylinder temperature and cylinder motor fre-

quency in Fig. 7a are Sfue
1
ðtÞ ¼ 52

1þe
t�300

45

þ 10,

Sfue
2
ðtÞ ¼ 34:17

1þe
t�347:1

35

þ 79, Sfue
3
ðtÞ ¼ 36:7

1þe
t�213:4

51

þ 118:9 and

Sfue
6
ðtÞ ¼ 13

1þe
�t�310

17:88

þ 30, respectively. In Fig. 7b, the opti-

mized S-type setting functions are Sfue
1
ðtÞ ¼ 52

1þe
t�134:4

26:9
þ 10,

Sfue
2
ðtÞ ¼ 33:6

1þe
t�340:4

35

þ 79:1, Sfue
3
ðtÞ ¼ 35:3

1þe
t�174:8

50

þ 119 and

Sfue
6
ðtÞ ¼ 14

1þe
�t�345:8

12

þ 30, respectively. In Fig. 7c, the
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optimized S-type setting functions are

Sfue
1
ðtÞ ¼ 52

1þe
t�125:6

29:77

þ 10, Sfue
2
ðtÞ ¼ 29:2

1þe
t�319:3

54:6

þ 78:5, Sfue
3
ðtÞ ¼

36:9

1þe
t�182:7

65:9
þ 118 and Sfue

6
ðtÞ ¼ 14

1þe
�t�250:5

43:94

þ 30, respectively.

From Fig. 7a–c, it is clear that decline of the optimized

outlet cut tobacco moisture content is largely deferred on

the basis of Cubic-RBF-ARX model (6) with the S func-

tion-type optimal setting input curves. It means that the

over-dried cut tobacco in the tail stage process can be

greatly reduced. One can also see that the long-term pre-

dicted outputs of the Cubic-RBF-ARX models under the

action of actual inputs are very close to the actual moisture

content of outlet cut tobacco. This also indicates the good

modeling accuracy of the Cubic-RBF-ARX model (6) to

the tail stage drying process.

From the results in Figs. 6 and 7, it is verified that the

optimal setting curves of input variables based on Cubic-

RBF-ARX model can make the outlet moisture content in

the head stage more rapidly rise and reach the stable state

and can make the outlet moisture content in the tail stage

decline more slowly. Thus, over-dried cut tobacco in the

head and tail stages can be greatly reduced using the pro-

posed modeling and optimal setting control method.

5 Conclusions

Considering actual characteristics of the drying process of

a cylinder-type cut tobacco dryer, a MSR-RBF-ARX

model structure was designed and utilized for representing

dynamic behavior of the head or tail stage drying process.

Through comparison of several model structures, it was

verified that the MSR-RBF-ARX model with Cubic func-

tion-type base function can better represent the global
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Fig. 7 Simulation results of optimal setting control of tail stage drying process in different working conditions
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characteristics of the head or tail stage drying process. For

this special industrial process identification problem, the

multi-segment historical data set in different seasons and

working conditions were suitable to be used as identifica-

tion data of the drying process models. A hybrid opti-

mization algorithm was designed to identify the MSR-

RBF-ARX model using multi-segment historical data. The

modeling results indicated that the multi-sampling-rate

Cubic-RBF-ARX models of the head and tail stage pro-

cesses, which were identified by the hybrid optimization

algorithm, achieved very good long-term forecasting

accuracy. Based on the estimated MSR-Cubic-RBF-ARX

model, sets of optimal setting input variables could be

designed to implement optimal head or tail stage drying

process control. Simulation results showed that the MSR-

Cubic-RBF-ARX modeling and setting control strategy

could make the outlet cut tobacco moisture content in head

stage drying process quickly increase and reach stable state

and also could make that in the tail stage drying process

decrease more slowly. Thus, over-dried cut tobacco in the

head and tail stage drying process could be greatly reduced.
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